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Robot teleoperation with extended reality (XR teleoperation) enables intuitive interaction by mapping user
motions to remote robots with real-time 3D feedback. However, existing systems suffer from large completion
delays and trajectory deviations under prolonged network latency, rooted in their exclusive reliance on
network communication and strict synchronous execution architecture. Moreover, network fluctuations
destabilize teleoperation accuracy, while dynamic user motions amplify teleoperation errors.

We present MATER, an end-to-end XR teleoperation framework that introduces a mutually-aware architec-
ture in which each side reconstructs its counterpart’s delayed or missing state to decouple the execution from
network dependency. MATER includes latency-adaptive input window and user motion gap interpolation
techniques to handle unstable network communication. It also proposes motion-driven robot state rollback
and robot trajectory coordination to handle complex motions. The key idea behind these techniques is to adapt
on the fly by reshaping reconstruction and filling gaps as network conditions fluctuate, and by realigning
states when motions become fast or complex. Together with lightweight local synchronization and bandwidth
optimizations, these system-level advances make MATER resilient to both network and motion dynamics.

We implement MATER across three hardware settings, including simulated and physical robots, and evaluate
it on 9,500 real-world teleoperation trials from the RoboSet dataset [1], covering single- and multi-step missions.
Compared to state-of-the-art XR teleoperation frameworks, MATER reduces teleoperation error by up to
69.8% on WLAN and 73.1% on cellular networks with only 6.7% maximum runtime overhead. It also shortens
mission completion time by up to 47.7%, enabling smoother teleoperation. A real-world case study on ten
stationary and mobile missions further shows MATER achieves up to 37.7% faster completion while lowering
average teleoperation error by up to 57.2%. MATER code is available at: https://github.com/rtenlab/mater

CCS Concepts: • Computer systems organization→ Robotics; • Human-centered computing→ Virtual
reality; Mixed / augmented reality; • Networks→ Network performance evaluation.
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1 Introduction
Robot teleoperation via Extended Reality (XR teleoperation) emerges as a transformative technology
in industrial automation, medical robotics, autonomous robot training, and humanoid robotics [2–
11]. In XR teleoperation, an XR device uses onboard sensors to capture user motions and generate
user poses, which are transmitted to a remote robot. The robot imitates these poses and sends back
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its own state and the surrounding environment. The XR device then fuses the latest user pose with
the returned robot state and environment to render a 3D frame on a head-mounted display (HMD).
By referencing both user and robot poses in this frame, the user adjusts next motion in real time,
repeating the cycle until the mission is completed.
Today’s XR teleoperation systems remain fragile, suffering from significant delays between

user motion and robot feedback, primarily due to the network latency and the long control-
feedback pipeline [2, 6, 7, 10, 12–16]. Unlike traditional teleoperation, immersive 3D rendering in
XR teleoperation makes network delays highly perceptible as persistent discrepancies between
the user pose and the robot pose in the displayed frame, known as teleoperation error. Continuing
motion despite this error makes the robot drift from the user’s intent, while pausing to wait slows
mission completion. The root cause is the synchronous execution architecture: current systems
require both sides to wait for network updates to maintain state consistency. This creates tight
coupling, where the robot needs XR-to-robot messages to follow user poses, while the XR device
requires robot-to-XR updates to render the robot state and environment. This dual reliance leaves
the control-feedback loop highly vulnerable to even the modest network delay or fluctuation (C1),
and highly sensitive to even the slightest increase in user motion speed or curvature (C2).

Contributions. We present MATER: Mutually Aware Teleoperated-Extended Reality, an end-
to-end XR teleoperation framework that breaks the exclusive network reliance through bidirectional
state reconstruction. MATER allows each side to locally reconstruct the other’s delayed or missing
information using local sensing and prior received information, decoupling robot control and XR
visualization from round-trip communication. Therefore, each side maintains its own local state,
enabling globally asynchronous execution. This architectural shift from the conventional, strict
network-dependent XR teleoperation makes MATER naturally resilient to prolonged network delay.

Rather than relying on any single component, MATER’s contribution lies in a coordinated system-
level design that jointly addresses both challenges under network-induced latency, bandwidth
variations, and motion-induced dynamics. Specifically, to address network fluctuation in (C1),
MATER introduces a latency-adaptive input window technique on both sides that dynamically
adjusts the input sizes based on observed latency, stabilizing reconstruction accuracy under unstable
networks. On the robot side, a user motion gap interpolation component further mitigates faulty
planner outputs when pose data is dropped or arrives out-of-order. To handle motion dynamics in
(C2), a motion-driven robot state rollback reverts the reconstructed robot state according to the
current user motion, while a robot trajectory coordination mechanism re-adjusts the robot’s actual
movement command based on reconstructed robot states and robot physical constraints, keeping
robot trajectories aligned with XR displayed frames.
In addition, while MATER’s mutually-aware paradigm naturally leads to an asynchronous exe-

cution model between XR and robot globally, MATER employs a synchronous execution model
for local components on each device to eliminate instability from resource contention, where
competing GPU kernels and CPU threads cause jitters, skipped executions, and stale data propa-
gation. Finally, to address bandwidth variation that risks further pose drops, MATER implements
bandwidth-adaptive data flow scaling, which prioritizes pose transmission by reducing the data that
has little impact on the current cycle of teleoperation. The key idea is to adapt on the fly: MATER
reshapes the system parameters to reconstruct motions when networks fluctuate, and realigns
states and trajectories when user motions become faster or more complex, providing resilience
with minimal runtime overhead.

We evaluate the MATER framework on three hardware settings over five motion patterns derived
from 9,500 real robot teleoperation trials in the RoboSet dataset [1], a widely adopted dataset for
autonomous robot training that covers 54 single- and multi-step missions. We experiment with
four different network environments covering ubiquitous WLAN and cellular networks. Compared
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Fig. 1. Existing XR teleoperation framework and teleoperation error.

to the state-of-the-art XR teleoperation framework [13], MATER reduces the teleoperation error by
up to 69.8% in WLAN and 73.1% in cellular networks, while shortening the mission completion
time by up to 47.7% on a real robot manipulator [17]. We further conduct a real-world case study
with 10 missions, including both stationary and mobile scenarios. In these trials, MATER achieves
up to 37.7% faster mission completion time while maintaining on average 25.4% lower teleoperation
error in stationary missions and 57.2% lower error in mobile missions.

2 Background and Challenges
2.1 Conventional XR Teleoperation
Conventional XR teleoperation follows an egocentric control model in which the user and robot
share the same Cartesian coordinate system originating from the user center, effectively superim-
posing the user onto the robot for direct pose mapping [7, 13]. Existing XR teleoperation operates
through strictly synchronous pipelines: the robot cannot move without receiving user poses from
the XR device, and the XR device cannot update 3D frames without the robot’s feedback. Conse-
quently, every user action requires a complete round-trip communication, creating a fundamental
dependency on the network.

Fig. 1(A) illustrates that a user performs a hand sweeping mission using the conventional software
architecture that are widely adopted in state-of-the-art XR teleoperation [2, 7, 10, 13, 18, 19]. Initially,
the Head CAM (camera) and Inertial Measurement Unit (IMU) capture the surrounding environment
and the user’s head inertial data, and the Hand CAM captures the user’s hand. These sensor data are
fed into a control pipeline (blue lines in the figure), which comprises tracking and control modules
on the XR and robot, respectively. The tracking module constructs the user pose information by
calculating the user’s head movement from Head CAM and IMU data and the user’s hand movement
from Hand CAM data.1 Then, the control module on the robot receives the user pose from the XR
and generates control commands to move the robot’s end-effector accordingly.
Since the user relies on 3D frames to observe the remote robot’s pose and perform subsequent

motions, the feedback pipeline (orange lines) comprises localization and visualization modules on
the robot and XR, respectively. The localization module produces robot pose for the end-effector,2
and point cloud data for surrounding objects in the environment [2, 13]. Then, the visualization
module on the XR side combines the latest user pose (captured and processed in the latest sampling

1The user pose may include extra information such as hand gestures and point directions for sophisticated maneuvers.
2The robot may provide additional feedback information, such as gripper intensity and direction [6, 10, 20, 21].
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period from the tracking module) with the received robot pose and point cloud to render 3D frames
(typically at 60 FPS).

2.2 Performance Metrics
In conventional XR teleoperation, network delays play a pivotal role in creating temporal mis-
alignment between user and robot poses displayed in the same 3D frame. For example, in Fig. 1(B),
suppose that a user moves hand upward by five centimeters at a constant speed of one centimeter
per second to control a remote robot. In each 3D frame, the hand symbol denotes the user pose
generated on the XR side, while the robot manipulator symbol denotes the latest robot pose received
from the remote robot. All XR and robot components operate at a one-second period, and one-way
communication latency 𝑇onetrip is two seconds. In the 3D frames from one to four seconds, the
user can observe the misalignment of the user pose and robot pose as the robot pose is always
received𝑇onetrip behind the user pose generation. To quantify the user-perceived spatial error in XR
teleoperation due to the temporal misalignment explained above, we define the following metric:

Def. 1. Teleoperation Error. Teleoperation error 𝐸𝑡𝑒𝑙𝑒 is defined as the Euclidean distance between
the user pose and the robot pose within the same 3D frame displayed to the user on HMD. Given
the same 3D frame with the latest user pose 𝑢𝑡𝑠 sampled at 𝑡𝑠 by the the XR’s Hand CAM and the
latest robot pose sampled at 𝑡𝑟 by the robot’s encoder, the teleoperation error 𝐸𝑡𝑒𝑙𝑒 at current time
𝑡 when seeing the 3D frame, 𝐸𝑡𝑒𝑙𝑒𝑡 , is given by:

𝐸𝑡𝑒𝑙𝑒𝑡 = | |𝑢𝑡𝑠 − 𝑟𝑡𝑟 | |

This metric captures humanly perceivable misalignment that affects XR teleoperation quality,
regardless of whether it arises from network latency and processing/sensing delays.
Teleoperation error affects not only spatial accuracy but also how long a user takes to finish

a specific mission. Users often pause when the distance between the current user pose and the
displayed robot pose exceeds a perceptible threshold in the 3D frame, and resume only after the
displayed robot catches up. Without these pauses, teleoperation error can accumulate, causing the
remote robot trajectory to deviate significantly from the user’s intended motion [2]. As shown
in Fig. 1(B), after the user reaches five centimeters up at five seconds, the displayed robot still
reflects an earlier pose and does not catch up until four seconds later. This leads to the user to
wait, directly increasing mission completion time. Measuring such waiting times individually is
impractical because they are user-driven and occur irregularly. Therefore, we capture their impact
through the total time required to complete a mission.

We define a mission as a chronologically ordered sequence of user motions that starts from and
ends at a complete stop. For mission 𝑖 , we denote its 𝑗-th user motion as𝑀𝑖, 𝑗 , with 𝑗 ∈ {1, . . . , 𝐽𝑖 }.
Each motion elapses exactly one period of XR tracking because the user pose is sent at the end
of each XR tracking job. The mission begins with 𝑡𝑢𝑖,1 at the start of 𝑀𝑖,1, when the user initiates
the first motion captured by the Hand CAM. It ends when both the remote robot at time 𝑡𝑟

𝑖,𝐽𝑖
and

the displayed robot at time 𝑡𝑑
𝑖,𝐽𝑖

reach the last user motion𝑀𝑖, 𝑗 . We can define the following time
metrics to complete the mission:

Def. 2. Mission Completion Time. Mission completion time is the duration from the start of the
first user motion to the time when both the remote robot and the displayed robot have reached the
user pose in the last user motion before returning to a complete stop. Hence, for mission 𝑖 , mission
completion time 𝑇mission

𝑖 is given by:

𝑇mission
𝑖 =max

(
𝑡𝑟𝑖,𝐽𝑖 , 𝑡

𝑑
𝑖,𝐽𝑖

)
− 𝑡𝑢𝑖,1
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We take the maximum because either side can finish later. In practice, 𝑡𝑟
𝑖,𝐽𝑖

> 𝑡𝑑
𝑖,𝐽𝑖

may happen due to
robot actuation delays that may finish later than XR visualization. For a mission 𝑖 with 𝐽𝑖 motions,
where the 𝑗-th motion has a one-way latency of 𝑇 𝑗

𝑜𝑛𝑒𝑡𝑟𝑖𝑝
and a sensing period of 𝑇sensing for XR

tracking, 𝑇mission
𝑖 in conventional XR teleoperation is lower-bounded by (∑𝐽𝑖

𝑖=1𝑇
𝑗

𝑜𝑛𝑒𝑡𝑟𝑖𝑝
) −𝑇𝑠𝑒𝑛𝑠𝑖𝑛𝑔.

The lower bound holds because conventional XR teleoperation requires at least one one-way
communication latency per motion to exchange the information from both sides. The subtraction
of 𝑇sensing accounts for the final visualization period, during which the user is already stationary,
and the XR display can be updated without additional XR tracking execution.

2.3 Challenges
As shown in §2.1, unlike other distributed interactive system [22–26], conventional XR teleoperation
uses a tightly coupled control and feedback loop that enforces a single synchronous state shared
and executed by both sides, creating an unavoidable dependency on network communication. Any
increase in network latency propagates through the pipeline, inflating teleoperation error and
prolonging mission completion time [2, 27, 28]. This motivates removing the strict coupling by
adopting a software architecture that allows each side to run on its own timeline with a separate
state. However, such an architectural shift is difficult to realize because two fundamental challenges,
C1 and C2, are inherent to practical XR teleoperation scenarios.
C1: Network-dependent Teleoperation Performance. To understand the overall performance
of the XR teleoperation systems in a realistic network environment, we first run a state-of-the-art
ROS Sharp framework [29] that is built based on the ROS Reality [13] and record its teleoperation
error during the trial. We experiment with one pre-recorded user motion trace from Robotset
dataset [1] that maintains constant speed and direction for motion while changing the network
condition from an ideal one with low-latency, no fluctuation and bandwidth limitation to an actual
network that has high latency, random packets drops and out-of-order arrival due to network
fluctuations (see §5 for details on our experimental setup). As shown in Fig. 2(A), during the ideal
network condition, the teleoperation error is sustainedly below 2 cm, while in the realistic network,
it increases to over 10 cm and cannot fall below 2 cm at any point.

As observed in real network scenarios, longer network latency leads to a large teleoperation error
because the XR visualization receives the robot pose from a longer time ago. Apart from the large
network latency, pose drops and out-of-order arrivals are also major sources of degradation, caused
by bandwidth and latency fluctuations. These errors lead to persistent teleoperation inaccuracies
and robot trajectories deviating from the intended user motion. Fig. 3(A) illustrates the effect of
pose drops, when five sequentially timestamped poses are sent to the robot, but 𝑡3 fails to reach
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Fig. 3. Major challenges in XR-teleoperation systems

the robot. The robot controller generates commands that skip directly from 𝑡2 to 𝑡4, producing
abrupt motion and irrecoverable deviation. Fig. 3(B) shows out-of-order arrival, where the robot
prematurely executes 𝑡3 before receiving the correct ones. Then robot controller pursues the delayed
poses 𝑡4 and 𝑡5 when they arrive after, further distorting the trajectory. Enforcing strict sequential
order with timestamps could avoid this, but at the cost of longer pauses and extended task mission
completion time.
C2: Motion-driven Teleoperation Accuracy To examine the effect of motion dynamics on the
existing teleoperation framework, we vary both the speed and curvature of the user motion while
controlling the network condition. We first study the effect of speed using real user traces that begin
with slow, constant-speed motion and then increase speed by up to five times in a random pattern
after 200 frames. We evaluate teleoperation accuracy using teleoperation error, where a smaller
value indicates a shorter distance between the displayed robot pose and the remote robot pose given
a fixed network environment. As shown in Fig. 2(B), higher motion speeds increase teleoperation
error, because the distance between the displayed robot and the remote robot naturally grows when
user speed increases, inflating the entire teleoperation error in effect.

We then quantify the effect of curvature by categorizing the input user motion into five patterns
with increasing curvature: linear, curved, oscillatory, circular, and segmented. Fig. 3(C) shows that
higher curvature also increases teleoperation error. This occurs because higher-curvature motions
amplify the impact of delay. Existing frameworks simply render the latest received robot pose, so
the displayed motion lacks the temporal cues needed for accurate human perception [30]. The user
may continue executing sharper turns without noticing the deviation between the remote and
displayed robot. This accuracy degradation from both speed and curvature underscores the need
to adapt teleoperation to complex or rapidly changing motion patterns, since unhandled motion
dynamics can accumulate trajectory deviation and undermine mission completion.

3 MATER Architectural Design
Based on the observations in §2.3, we present MATER, which takes a mutually-aware paradigm to
decouple the execution pipelines from the network dependency. Today’s XR and robot systems
already have sufficient sensing and computation resources to locally reconstruct the state of
their counterpart, allowing each side to continue execution without relying solely on network
communication. Building on this insight, MATER decouples both control and feedback pipelines
from network dependency through the following major ideas: (i) Bidirectional reconstruction of
time-shifted states, (ii) asynchronous global execution, and (iii) control/data plane separation.
Bidirectional Reconstruction of Time-Shifted States. Illustrated in Fig. 4(A) blue and orange
arrows, MATER lets each side maintain a locally reconstructed, time-shifted state of its counterpart
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by running local reconstruction pipelines. This differs from existing prediction-based techniques
that only project a time-forwarded version of a single side’s state [27, 28, 31, 32], as MATER allows
both sides to reconstruct the missing information. The XR reconstructs the remote robot state based
on the latest local user pose and a series of previously received robot poses, while the robot recon-
structs user motion with the latest local robot pose and a series of received user poses. MATER’s
architecture does not restrict the choice of reconstruction algorithm; Time-forwarding [27], Ex-
tended Kalman Filter (EKF) [33], and Multilayer Perceptron [34] can all serve as the reconstruction
model. Our implementation uses EKF by default due to its less intensive computation and low
runtime overhead.3 However, since reconstruction relies on poses transmitted over the network,
its quality degrades as latency increases (C1). To maintain reconstruction quality under changing
network conditions, we introduce a latency-adaptive input window technique (§4.1) that adjusts
input sizes based on the runtime network latency.
Asynchronous Global and Synchronized Local Execution. The bidirectional reconstruction
approach makes it possible to switch to asynchronous execution between the XR and robot. Unlike
prior frameworks tied to a single, tightly synchronized state, MATER enables asynchronous global
states, where XR visualization and robot control can progress independently and synchronize
only when network messages arrive. With this asynchronous global execution, the challenges
C1 (network-dependent performance) and C2 (motion-driven accuracy) can be addressed by op-
timizing the local reconstruction methods separately without causing interference to the global
execution. On the XR side, a motion-adaptive robot state rollback selects the reconstructed robot
state based on current motion to address C2 (§4.2). On the robot side, MATER implements a user
motion gap interpolation technique that generates missing or delayed user poses during network
communication to address C1 (§4.1). It then proposes a robot trajectory coordination technique to
adjust the control command based on the poses displayed to the user and the physical constraints
of the robot to address C2 (§4.2). While MATER enables asynchronous execution between XR and
robot, it enforces the synchronous execution of local components on each side to avoid contention
on local computation resources that causes runtime delay (§4.3).
Control/Data Plane Separation. The majority of existing XR teleoperation frameworks [2, 6,
10, 13, 18] use Data Distributed Services (DDS) for communication due to its compatibility with
the Robotic Operating System (ROS). While this is fine for XR-to-robot communication as the
3This reconstruction is intended to bridge only short-term gaps in pose delivery, not to lower the transmission rate or
replace continuous pose exchange, since without regular ground-truth correction, the locally reconstructed state will quickly
accumulate teleoperation error.
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XR sends only small payloads composed of user poses, robot-to-XR communication becomes an
issue because payloads are much larger due to point cloud data, and DDS introduces noticeable
serialization overhead for large payloads [35]. Motivated by this, MATER separates control (pose
information) and data plane (point cloud). Control-critical pose information uses DDS for reliable
transmission, and due to its low overhead with small payloads. Point cloud data for visualization
uses UDP, allowing it to be dropped or delayed without affecting control accuracy. To minimize the
human-perceivable effect from the point cloud dropping, MATER includes a bandwidth-adaptive
data flow scaling technique to prioritize the drop of interior points based on current bandwidth to
hold structural integrity(§4.3). Through these methods, both sides can maintain control correctness
even when visualization data is compromised.
As shown in Fig. 4(B), under the same scenario as in Fig. 1(B), each side reconstructs the

counterpart’s delayed information during teleoperation using MATER. In each 3D frame, the green
manipulator symbol denotes the XR-side reconstructed robot pose displayed to user. As a result,
the user observes a robot motion that stays closely aligned with the hand motion, reducing visible
teleoperation error and allowing the mission to be completed within five seconds.

4 Addressing Unique XR Teleoperation Challenges
MATER’s mutually-aware architecture, in which both the XR and robot independently reconstruct
each other’s state, creates new opportunities to address the challenges identified in §2.3. Because
each side now maintains its own reconstructed view of the other, optimizations can be applied
locally without requiring explicit cooperation over the network. This section presents techniques
that exploit this architectural property to handle network fluctuations (C1) and motion dynamics
(C2). §4.1 addresses C1 by improving reconstruction quality on both sides. §4.2 addresses C2
by adapting each side’s reconstruction to motion complexity. Finally, §4.3 presents system-level
optimizations that ensure the bidirectional reconstruction operates efficiently and reliably.

4.1 Handling Network Fluctuations
Latency-adaptive Input Window. MATER’s bidirectional reconstruction requires both the XR
and robot to maintain pose histories received from their counterpart. The quality of reconstruction
therefore depends on how these histories are managed. Existing prediction-based methods implicitly
assume that input samples are evenly spaced in time, where the received robot poses arrive
periodically with a fixed interval [27, 28, 31]. Under this assumption, models can treat the pose
sequence as uniformly sampled, but in practice, network delays cause variable spacing, drops, or
out-of-order arrivals. As shown in Fig.5(A), such irregularities lead to unstable and highly variable
accuracy for state-of-the-art algorithms[27, 33, 34], even when the underlying motion is smooth.

To address this, MATER adopts a latency-adaptive input strategy: rather than using a fixed-size,
evenly spaced history, MATER determines the effective input window length from the most recently
profiled round-trip latency and the robot encoder period. MATER caps the window length so that the
input reflects the current network regime instead of mixing in much older samples collected under
different delay conditions, and to prevent unbounded window growth under sustained high latency.
Importantly, network fluctuations affect both XR and robot components, so latency-adaptive input
window benefits both: the XR side stabilizes reconstruction for rendering, while the robot side
receives more consistent state estimates to guide planning.

We adapt the input series length to the most recent profiled round-trip latency Δ𝑡𝑡 . Let 𝜏 denote
the robot encoder period. Here, 𝑡 indexes the robot-side control step (occurring every 𝜏 seconds),
and Δ𝑡𝑡 is the profiled round-trip latency at step 𝑡 . To cover each cycle of profiled round-trip latency,
MATER selects the input window length 𝑘𝑡 as the number of encoder intervals spanned by Δ𝑡𝑡 , and
then adjusts it to the user-selected range [𝑘min, 𝑘max] to avoid pathological sizes under extremely
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(A) Accuracy degrades with network latency
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Fig. 5. Network latency and fluctuations effect on MATER

low or high delay:

𝑘★𝑡 =

⌈
Δ𝑡𝑡
𝜏

⌉
, 𝑘𝑡 =min

{
max{𝑘min, 𝑘

★
𝑡 }, 𝑘max

}
(1)

To reduce oscillation fromminor latency jitters, we update the input window only when |𝑘𝑡−𝑘𝑡−1 | ≥
1. At each control step 𝑡 , we store the most recent 𝑘𝑡 received robot poses together with their
timestamps as 𝑅𝑡 =

[
(𝑠1, 𝑟𝑠1 ), (𝑠2, 𝑟𝑠2 ), . . . , (𝑠𝑘𝑡 , 𝑟𝑠𝑘𝑡 )

]
, where 𝑠𝑖 are the received pose timestamps

and may be irregular due to network fluctuations. Unlike fixed, uniformly spaced inputs, this
representation preserves the true temporal spacing of the most recent poses in the input window,
preventing the reconstructor from misinterpreting irregularly delayed samples as evenly spaced
and thereby enabling stable state reconstruction under network fluctuation in C1.
Any reconstruction model can then operate on this time-aligned series, whether it uses simple

extrapolation or more complex prediction models as discussed in Sec. 3. We can then represent the
reconstruction in the following generalizable form:

𝑟𝑡+Δ𝑡𝑡 = F
(
𝑅𝑡 ; 𝜙𝑡

)
(2)

where F denotes a reconstruction with state 𝑅𝑡 and additional parameters 𝜙𝑡 . Although we imple-
ment the F with EKF [33] for its low execution overhead, models with different complexities can
be used based on practical deployment scenarios [27, 34].

Note that sinceMATER performs reconstruction on both sides, the latency-adaptive input window
is applied symmetrically: robot state for visualization on the XR side, and user motion for control
on the robot side. This is enabled by the mutually-aware architecture design, and ensures that
network fluctuations are mitigated regardless of which direction is affected.
User Motion Gap Interpolation. Since MATER’s robot-side reconstruction must generate control
commands even when user poses are delayed or dropped, we interpolate missing user poses on
the robot side to maintain a continuous, reliable target stream. This module operates at the same
frequency as XR hand tracking and consumes each user pose update when it arrives, inserting it
into a target queue; gaps occur when one or more intermediate pose updates are not received in
time due to drops or reordering. After receiving the current robot pose 𝑟𝑡 from robot localization,
along with its velocity vector 𝑣𝑡 (direction and speed), the reconstruction module invokes an online
trajectory planner to fill in missing information.

Formally, let the target queue contain the next intended user pose 𝑢𝑡+𝑘 received from the XR side.
Here, 𝑡 is the current robot control step and 𝑘 ≥ 1 is the detected gap length between consecutive
received targets in the pose stream. If certain intermediate poses are missing or delayed, we detect
the gap from missing indices or timestamps in the incoming pose stream (e.g., a jump from 𝑢𝑡
to 𝑢𝑡+𝑘 ), indicating that 𝑢𝑡+1, . . . , 𝑢𝑡+𝑘−1 have not arrived in time. Then we interpolate waypoints
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{𝑤𝑡+1,𝑤𝑡+2, . . . ,𝑤𝑡+𝑘−1} on the curve between 𝑟𝑡 and 𝑢𝑡+𝑘 using the current velocity estimate 𝑣𝑡 :

𝑤𝑡+𝑖 = 𝑟𝑡 +
𝑖

𝑘
(𝑢𝑡+𝑘 − 𝑟𝑡 ), 𝑖 = 1, . . . , 𝑘 − 1 (3)

These waypoints align with the physical constraints of robot kinematics, since both the step size
and spacing are governed by the measured speed ∥𝑣𝑡 ∥ and direction 𝑣𝑡

∥𝑣𝑡 ∥ . As a result, even if
pose 𝑢𝑡+1 or 𝑢𝑡+2 is missing, the interpolated trajectory maintains smooth continuity toward the
next available pose, instead of forcing the robot to react only to sparse or delayed targets. This
continuous target stream also helps keep robot execution aligned with the motion displayed on the
XR side, reducing mismatch during network fluctuation in C1.

Fig. 5(B) left shows that with user motion reconstruction, the robot generates a missing waypoint
𝑡 ′3 from 𝑣2, producing a smooth path through 𝑡 ′3, 𝑡4, and 𝑡5 that aligns with user motion. Similarly,
Fig. 5(B) right shows a reconstructed 𝑡 ′3 that also mitigates the effect of delayed 𝑡4 and 𝑡5. Thus,
waypoint generation from the latest pose and velocity restores trajectory continuity under network
degradation.

4.2 Handling Motion-induced Reconstruction Error
Motion-adaptive Robot State Rollback. The XR side of MATER’s mutually-aware architecture
reconstructs the robot’s current state to render 3D frames without waiting for network updates.
However, reconstruction accuracy degrades under fast, high-curvature user motion (as shown with
C2 in §2.3), and an inaccurate robot state may go unnoticed by the user. Since the XR now has
its own reconstruction locally, it can actively manage reconstruction quality by selecting which
reconstructed state to display. Specifically, when user motion changes abruptly or becomes too fast
to reconstruct accurately between two pose transmissions, our mechanism rolls back to an earlier
reconstructed state so that the 3D frame displays a robot position closer to the present, thereby
encouraging the user to slow down.
When the motion becomes difficult to predict due to high speed or high curvature, the module

may revert to a previous reconstruction state. We select the rollback amount with an online decision
tree rollback policy:

𝑗𝑡 = 𝜋𝜓 (𝑧𝑡 ), 𝑗𝑡 ∈ {0, 1, . . . , 𝐽max} (4)
where 𝑧𝑡 collects recent motion, reconstruction, and network signals, and 𝜋𝜓 is an online decision
tree that maps 𝑧𝑡 to a rollback amount 𝑗𝑡 . If 𝑗𝑡 > 0, the module restores the reconstruction state at
time 𝑡 − 𝑗𝑡𝜏 and regenerates the reference using the newest observations; otherwise, it proceeds
without rollback.

In practice, the rollback policy can be tuned through both the decision function 𝜋𝜓 and the
rollback bound 𝐽max. For smoother user motion, 𝜋𝜓 is tuned to favor smaller rollback values 𝑗𝑡 so that
XR rendering remains as current as possible. For faster or higher-curvature motion, 𝜋𝜓 is tuned more
conservatively so that larger rollback values are selected more readily when reconstruction becomes
less reliable. The bound 𝐽max is chosen according to robot manipulator physical capability: robots
with slower dynamics or stricter kinematic limits use a larger 𝐽max, while more agile manipulators
can use a smaller 𝐽max.
Robot Trajectory Coordination.MATER’s mutually-aware architecture creates two views of
robot state: the XR’s reconstruction (what the user sees) and the robot’s local state. Without
coordination, the robot may execute trajectories inconsistent with both sides, producing chasing
behavior and larger teleoperation error. We achieve this coordination on the robot side with: (i)
an inner loop that fuses XR reconstruction with robot-local trajectories to produce a consistent
tracking goal, and (ii) an outer loop that refines this goal and the subsequent robot command based
on the known physical constraints of the robot.

Proc. ACM Meas. Anal. Comput. Syst., Vol. 10, No. 2, Article 45. Publication date: June 2026.



MATER: Mutually Aware Framework for Teleoperated-robot with Extended Reality 45:11

(i) Inner Loop Design. At time 𝑡 , the XR side provides a time-stamped reconstruction snippet
R̃𝑡 = {𝑟𝑡+𝛿 , 𝑟𝑡+2𝛿 , . . . , 𝑟𝑡+𝐻𝛿 }, while the robot side has the current localized state (𝑟𝑡 , 𝑣𝑡 ) and the
earliest unconsumed user target 𝑢★ from the queueU𝑡 .

𝑔𝑡 = (1 − 𝛼𝑡 ) 𝑢★ + 𝛼𝑡 ΠΩ
(
𝑟𝑡+Δ𝑡

)
(5)

where ΠΩ projects any pose onto the robot’s feasible set Ω given limits on speed, acceleration, and
angular rate. The weight 𝛼𝑡 ∈ [0, 1] depends on a confidence score 𝑐𝑡 for the XR reconstruction
and on link conditions,

𝛼𝑡 = 𝜎

(
𝑤⊤𝑥𝑡

)
, 𝑥𝑡 =

[
𝑐𝑡 , Δ𝑡, jitter𝑡 , ∥𝑢𝑡 − 𝑟𝑡 ∥, ∥𝑣𝑡 ∥

]
(6)

with 𝜎 the logistic function. Here, 𝛼𝑡 controls how strongly the robot follows the XR-side recon-
struction versus the robot-local target. Since 𝛼𝑡 is computed from 𝑥𝑡 through the logistic function,
its value naturally adapts to runtime conditions: when reconstruction is reliable and link conditions
are stable, 𝛼𝑡 becomes larger, causing the robot to follow the XR-side reconstruction more closely;
when jitter, mismatch, or reconstruction residuals increase, 𝛼𝑡 decreases, shifting reliance toward
the robot-local target. Among the features in 𝑥𝑡 , the confidence score 𝑐𝑡 plays a key role. We
compute 𝑐𝑡 from recent reconstruction residuals observed when delayed ground truth arrives and
from short input-window smoothness of R̃𝑡 .

The resulting coordination goal is then converted into the next robot reference under the robot’s
physical constraints before being streamed to the low-level controller. As new XR reconstructions
and user poses arrive, the robot recomputes 𝑔𝑡 and updates the reference, helping maintain align-
ment between robot execution and what the user sees on the HMD even under abrupt motion
changes.

(ii) Outer Loop Design. Real robot mechanisms can substantially alter the robot trajectory that is
reasonable in simulation [2, 10, 19]. To quantify this gap, we replay the oscillatory teleoperation
pattern with MATER in simulation and on a physical robot teleoperated under 5GHz WLAN
network condition. Fig. 6 shows 44.6% higher teleoperation error on the real robot, because actual
physical constraints prevent it from achieving the aggressive trajectory achievable in simulation.
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Fig. 6. Simulation vs. Real Robot running the same
oscillatory motion.

To address this, the outer loopmonitors track-
ing of the most recent reference and flags un-
reachable robot commands when the tracking
residual exceeds the physical robot constraint,
especially under abrupt motion, large Δ𝑡 , or
high jitter𝑡 . When the command is flagged, it
applies a lightweight planner-level PID correc-
tion [36] to the inner-loop generated waypoints
before final robot command generation, while
still enforcing the same feasibility checks and
projection. It further adapts the motion limits

used by the waypoint generator to ensure the resulting reference is physically trackable. Once
tracking residuals fall below the tolerance, the outer loop returns to the nominal goal and limits.

4.3 Inter Component Coordination
Synchronous Local Execution.While MATER’s mutually-aware architecture decouples global
execution between XR and robot, it deliberately employs synchronous execution locally within each
side. This is another key architectural shift from traditional XR teleoperation systems [13], which
rely on asynchronous execution of local threads due to the pub-sub architecture of the underlying
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Algorithm 1: Runtime Synchronization
Input :Tasks T = {𝜏1, . . . , 𝜏𝑛 }, DAG𝐺 = (𝑉 , 𝐸 ) , periods {𝑇𝑖 }
Output :Ordered, synchronized execution per cycle

1 Setup: profile 99% exec times 𝑡𝑖 ; enforce𝑇1 ≥
∑𝑛−1

𝑖=1 𝑡𝑖 ;
2 while system active do
3 𝑄 ← ∅; // ready queue for this cycle

4 foreach 𝜏𝑖 ∈ T do
5 if all predecessors of 𝜏𝑖 in𝐺 completed within𝑇𝑖 then
6 𝑄 ← 𝑄 ∪ {𝜏𝑖 }; // admissible this cycle

7 end
8 end
9 while𝑄 ≠ ∅ do
10 pick next 𝜏𝑖 by topological order of𝐺 ;
11 execute(𝜏𝑖 ) ; // pin critical tasks to reserved

CPU cores; map GPU ops to a single stream

12 mark 𝜏𝑖 as completed;
13 end
14 defer all non-admissible tasks to next cycle;
15 end
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Fig. 7. Runtime Components Synchro-
nization example.

DDS and ROS middleware. However, XR frameworks launch several GPU kernels and CPU threads
for tracking, visualization, control, and localization concurrently. When these threads compete
for shared GPU streams, CPU cores, or memory bandwidth, the resulting interference introduces
jitters and skipped executions that propagate through the teleoperation loop. These runtime delays
manifest as teleoperation error in a manner similar to network fluctuations: a skipped execution
may resemble a dropped pose packet, while unexpected preemption can reorder outputs in ways
that mimic out-of-order data arrival. Such intrinsic instability compounds extrinsic latency, creating
additional drift between user and robot trajectories.

To address this, MATER introduces a synchronization-based scheduling strategy for local threads,
which coordinates the execution of all components on each side. By enforcing consistent ordering
and cycle boundaries, synchronization ensures that information generated in one cycle is fully
consumed before the next begins. This prevents stale or premature data from leaking forward,
eliminates jitter, and guarantees that downstream components always operate on coherent, up-to-
date states. As a result, visualization on XR side and control on robot side remain consistent during
execution, reducing teleoperation error without incurring significant runtime overhead.

We model each XR/robot component as a task that is either periodic with a fixed period or trig-
gered by events (e.g., sensor arrivals, rendering completion). For a periodic task, each job is released
at the beginning of its period and should complete before the period ends, so that outputs produced
in one period are fully consumed within that period and do not leak into the next. Components
share constrained local resources within XR or robot, including a limited number of CPU cores
and a single GPU that is effectively serialized at the stream level. Conventional XR teleoperation
frameworks typically map each component to a dedicated CPU thread to match the pub-sub execu-
tion model and to prevent tasks blocking on CPU level. For example, in Fig. 7(A), the three XR-side
components run on three separate threads so that CPU computation on one component do not
directly stall others, even though they may still contend for shared GPU execution.
MATER introduces a unified scheduling policy in Alg. 1 that synchronizes local GPU and

CPU tasks within each XR and robot pipeline. During system setup, the scheduler enumerates
all components 𝜏1, 𝜏2, . . . , 𝜏𝑛 mapped to shared hardware resources, profiles their 99%-percentile
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execution times 𝑡1, . . . , 𝑡𝑛 and records their target periods𝑇1, . . . ,𝑇𝑛 . These 99%-percentile execution
times provide an upper-bounded basis for deciding whether an ordered set of jobs can reliably
fit within one period. Therefore based on this profile, the scheduler builds a dependency graph
𝐺 = (𝑉 , 𝐸), where each node represents a component and edges encode data dependencies or
resource conflicts.

Fig. 7(A) illustrates a case in XR visualization where rendering and reprojection contend for GPU
resources without synchronization, leading to stale frames and an extended runtime of 27 units. In
contrast, Fig. 7(B) shows the synchronized scheduler enforcing correct ordering, ensuring all tasks
complete within one XR listener period. This reduces visualization runtime to 14 units, shortening
the time to generate a 3D frame by 7 units compared to unsynchronized execution.
Bandwidth-adaptive Data Flow Scaling. As discussed in C1, limited bandwidth requires a mech-
anism to reduce sensor data size while preserving the visual quality needed for XR visualization.
MATER adopts a separate control and data plane model, where the control plane dynamically scales
sensor data flows to adapt to available bandwidth. Among these flows, point cloud data dominates
network usage yet is indispensable for conveying both environmental context and object-level
details around the remote robot. Simply extracting and transmitting object features would severely
degrade situational awareness by discarding environmental cues. However, because human percep-
tion is especially sensitive to the structural integrity of point clouds [37], selectively maintaining
edge points while reducing interior points can significantly lower data volume without noticeably
compromising perceptual quality. Based on this insight, we design a point cloud scaling algorithm
that dynamically removes interior points according to a scaling factor 𝑟 , enabling bandwidth-aware
adaptation with minimal quality loss.
During the setup phase, the available bandwidth 𝐵, the size of a single data point 𝑏, and the

robot talker period 𝑇𝑟𝑡 are profiled and remain fixed at runtime. These parameters determine the
maximum number of points that can be transmitted in a single point cloud as 𝑁𝑚𝑎𝑥 =

𝐵𝑇𝑟𝑡
𝑏

. At
runtime, upon scanning each point cloud from Robot CAM, MATER checks whether the number
of points exceeds 𝑁𝑚𝑎𝑥 . If it does, point cloud scaling is executed within the localization module
at the start of the robot talker. The algorithm first applies Canny edge detection [38] to the latest
point cloud to categorize the points into edge points, denoted as 𝑁𝑒 , and interior points, denoted as
𝑁𝑖𝑛 . To satisfy the bandwidth constraint, the scaling factor 𝑟 is chosen to reduce only the interior
points so that 𝑁𝑒 + 𝑟 𝑁𝑖𝑛 ≤ 𝑁𝑚𝑎𝑥 . Since the size of the point cloud and its number of points follow
an inverse linear relationship, we define 𝑟 ∈ [1, 0) as follows: 𝑟 =min

{
1, 𝑁𝑚𝑎𝑥−𝑁𝑒

𝑁𝑖𝑛

}
.

5 Evaluation
5.1 Evaluation Setup
Hardware Setup.We employ three hardware configurations to encompass diverse deployment
scenarios including pervasive simulation environment, physical robot setup, and practical embedded
platforms. In the Simulation setup, the XR side framework operates on a PC equipped with an
Intel i7-10700K CPU and an NVIDIA RTX 3060 GPU and displays 3D frame on a Northstar Next
HMD [39]. A second PC with identical hardware hosts a simulated Kinova Gen3 robot manipulator
using Gazebo [3] and transmits point-cloud scanned with a real Robot CAM. In the PC-to-PC
configuration, we replace the simulated robot manipulator with a physical Kinova Gen3 robot
manipulator while the remaining hardware stays the same. Lastly, Xavier-to-Nano deploys the XR-
side framework on an NVIDIA AGX Xavier [40] and runs the robot framework on an NVIDIA Orin
Nano [41] to test performance on embedded platforms commonly used in practical XR teleoperation
scenarios. All sensors are set up as specified in Fig. 1.
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Fig. 8. Motion patterns example.

Short Distance Long Distance
WLAN 5GHz 77 ± 8 ms 236 ± 36 ms
WLAN 2.4GHz 83 ± 30 ms 270 ± 76 ms
Cellular 5G 87 ± 15 ms 282 ± 65 ms
Cellular 4G 118 ± 53 ms 302 ± 110 ms

Δ Measured with ping during experiments.

Table 1. Network Roundtrip Delay and FluctuationΔ

Motion Patterns.We analyzed 9,500 robot teleportation trials from the widely adopted RoboSet
dataset [1] and identified five common hand-motion patterns consistently observed across these
trials. These patterns include Linear, characterized by motion in a constant direction; Curved
(Curv.), following a single directional change; Oscillatory (Osc.), exhibiting repeated back-and-
forth movements; Circular (Cir.), involving continuous directional changes; and Segmented (Seg.),
combining other patterns with intermittent pauses. For each identified pattern, we recorded 12
user hand movement videos as inputs for the XR Hand CAM. Fig. 8 provides illustrative examples
for each motion pattern. To accommodate physical robot constraints, user hand movements were
restricted to a maximum speed of 50 cm/s and a maximum reach of 80 cm. Using standardized
motion patterns instead of entire mission videos from the original dataset allowed us to isolate the
impact of joint jerks and external disturbances, preventing errors or delays unrelated to network
and system factors. A detailed evaluation of real-world mission performance beyond these patterns
will be presented in §5.4.
Network Configuration.We assessed system performance across four network configurations
covering common fixed and mobile wireless communication scenarios. The WLAN configurations
employed a TP-Link AC1750 WiFi router [42] operating at WLAN 5GHz with an 802.11ac interface
and WLAN 2.4GHz with an 802.11n interface. The Cellular configurations utilized mobile hotspots
created by a Samsung Galaxy S23 [43] running on Cellular 5G and Cellular 4G LTE networks. WLAN
5 GHz and Cellular 5G support up to 1300 megabits per second (Mbps) and 900 Mbps bandwidth
respectively, both satisfying the requirement to exchange all information. In contrast, WLAN 2.4
GHz and Cellular 4G offer only 450 Mbps and 300 Mbps respectively, which are insufficient to
transmit all information. XR and robot communicated through a cloud VPN server that can be
migrated later. We adjusted the VPN server location to control latency and fluctuation (detailed
locations omitted for double-blind reviews). During experiments, XR and robot positions remained
fixed for stable network connections, and we measured round-trip latency and its fluctuation in
standard deviation using ping commands, with results summarized in Tab. 1.
Baselines. We evaluated MATER against ROS Reality [13], a state-of-the-art XR teleoperation
framework whose architecture was widely adopted in industry projects such as ROS Sharp [29]. To
ensure a fair comparison, we modified ROS Reality to sample user poses from Hand CAM and re-
placed its original XR visualization with Godot [44] compatible with OpenXR [45]. Additionally, we
designed two specific baselines to assess the effectiveness of the MATER software architecture and
system optimizations: MATER-NoOp, which includes only the original robot-aware reconstructor
and user-aware planner but lacks system optimizations described in §4.3; and MATER, representing
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Fig. 9. MATER System Overhead.

our framework with all proposed features. All baseline configurations utilize the VR Gallery virtual
environment [46] to control scene variability.

5.2 Controlled Motion Results
System Runtime Overhead. We evaluated both ROS Reality and MATER using linear motion as
input and measured the execution time of each component during XR teleoperation [13, 30, 47].
We profiled the runtime of all components and grouped them into four phases: XR-side control,
robot-side control, robot-side feedback, and XR-side feedback. AlthoughMATER does not follow the
same strict control-feedback loop as ROS Reality, we place XR-side reconstruction under XR-side
feedback and robot-side reconstruction under robot-side control to enable a direct comparison. In
contrast to MATER, ROS Reality only employs basic waypoint following described in §2.1 for robot
control and viewport calculation [47] in XR visualization. Fig. 9 shows the runtime breakdown on
both PC-to-PC and Xavier-to-Nano platforms as stacked bars. MATER incurs 6.7% overhead on
PC-to-PC configuration and only 3.6% on Xavier-to-Nano configuration. Notably, the runtime for
XR visualization on the Xavier-to-Nano is reduced by 13.4% owing to the local synchronization
that mitigates GPU contention that causes blocking in ROS Reality.
Teleoperation Error. To obtain the teleoperation error in Def. 1, we recorded the Euclidean
distance between the user pose and robot pose in each 3D frame. We use Euclidean distance as
a basic measure of the user-perceived discrepancy in the 3D frame, since it directly captures the
visible spatial mismatch between the current user pose and the displayed robot pose. However,
because this metric alone does not fully capture the accumulated effect of reconstruction error
during teleoperation, we will also report mission completion time. We then calculated the Root
Mean Square (RMS) of these errors to better illustrate the magnitude differences across settings.
Fig. 10, 11, 12 show the RMS teleoperation errors under the three hardware settings and all
network configurations, with black error bars indicating the standard deviation within each motion
pattern. Our ablation study isolates the effect of Inter-Component Coordination by comparing
full MATER against MATER-NoOp, which retains bidirectional reconstruction on both XR and
robot sides but removes the local coordination mechanisms. We do not evaluate XR-side-only
or robot-side-only reconstruction as separate baselines, because MATER’s asynchronous global
execution requires reconstruction on both sides to run concurrently. Compared to ROS Reality,
MATER-NoOp reduces RMS teleoperation error by up to 50.8% under WLAN and 54.5% under
cellular networks in simulation settings. However, in 18 out of 24 settings, the standard deviation of
teleoperation error in MATER-NoOp increases by up to 0.89 cm compared to ROS Reality, mainly
due to the longer blocking time caused by extended execution time when XR reconstructs the robot
pose. In contrast, MATER reduces RMS teleoperation error by up to 69.8% in WLAN and 73.1%
in cellular networks, while its standard deviation only increases by up to 0.54 cm in 6 out of 24
settings, as the local synchronization mitigates contention by synchronizing the execution of all
components in XR visualization.
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Fig. 10. Teleoperation Error comparison under Simulation. Root mean square teleoperation error (RMS Tele.
Error) is used to better reflect the magnitude changes.
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Fig. 11. Teleoperation Error comparison under PC-to-PC

Motion pattern complexity is a critical factor affecting teleoperation error. In experiments using
a Xavier-to-Nano hardware setup on a Cellular 4G network, ROS Reality exhibited an increase in
teleoperation error of up to 19.23 cm when transitioning from linear to segmented motion input as
shown in Fig. 12. In contrast, MATER reduced this increase by 46.34% under the same conditions
by reconstructing missing information locally for robot control and XR visualization. Nevertheless,
due to limitations of the implemented Extended Kalman Filter and pure pursuit algorithms in the
current framework, MATER still incurred a maximum 10.32 cm increase in teleoperation error
when shifting from linear to segmented motion. These results suggest that more sophisticated
approaches, such as a multilayer perceptron for robot state reconstruction, may more effectively
handle increased motion complexity.
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Fig. 12. Teleoperation Error comparison under Xavier-to-Nano

Simulation vs. Real Robot.We evaluate MATER in both simulation and on a physical robot to
verify that improvements persist in practical deployment. In simulation run on PC-to-PC hardware
(Fig. 10), MATER reduces RMS teleoperation error by up to 54.5% across network conditions and
motion patterns. On a real robot in the PC-to-PC setup (Fig. 11), MATER still achieves up to
48.2% lower teleoperation error, proving that the robot trajectory coordination remains effective
under real execution. The teleoperation error gap reflects the real-world tracking effects absent in
simulation, such as actuation lag and tighter feasible speed/curvature limits. Together, these results
show that MATER’s improvements transfer to practical XR teleoperation scenarios.
Mission Completion Time. To evaluate mission completion time using pre-recorded motion
patterns, we simulate user pauses by re-sending the last user pose whenever the teleoperation
error in the 3D frame exceeds 5 cm. This is set by multiplying the user-perceivable M2M latency of
100 ms from §2.2 with the maximum robot manipulator speed of 50 cm/s in order to establish a
lower bound for the pause time. Fig. 13 shows that under PC-to-PC hardware with WLAN 5GHz
network, MATER reduces the mission completion time by up to 47.7% in short distance and 40.2%
in long-distance experiments, due to the teleoperation error reduction achieved through the dual-
reconstruction paradigm. MATER also decreases the standard deviation of mission completion time
by up to 31.4%, owing to local synchronization that alleviates potential GPU contention. The reduced
mission completion time indicates that user pauses are largely avoided in the controlled motion
input, achieving a smooth and continuous teleoperation experience in these settings. Real-world
teleoperation experience will be evaluated in §5.4.

5.3 Network Dynamics
Network Latency.We isolated the effect of network latency by minimizing fluctuations and packet
drops. While keeping other system configurations unchanged, we connected the XR and robot
host machine within the same network segment and controlled the network round-trip delay by
adjusting traffic control utilities on both sides, maintaining evenly distributed latency. Fig. 14(A)
demonstrates the RMS teleoperation error for ROS Reality and MATER as the round-trip network
latency increases from 100 ms to 1000 ms, with the shaded area indicating standard deviation.
The results show that ROS Reality experiences up to an 84.7% increase in RMS teleoperation
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Fig. 13. Mission Completion time under PC-to-PC.
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error, whereas MATER incurs only a 14.7% increase. This discrepancy arises because, in ROS
Reality, teleoperation error increases proportionally with network delay, due to the M2M latency
enlarged by longer network latency. In contrast, MATER leverages dual-reconstruction to mitigate
teleoperation errors induced by extended network latency, limiting the impact to the initial frames
before the arrival of the first robot pose and gripper intensity in XR. Based on these results, we
conclude that MATER experiences teleoperation error growth primarily due to degraded network
fluctuations and limited bandwidth, as observed in each of Fig. 10, 11, 12. In simulation using the
simplest linear motion, ROS Reality increases teleoperation error by 6.81 cm, whereas MATER
increases it by only 3.59 cm, achieving a 47.3% reduction relative to ROS Reality. This improvement
stems from MATER decoupling XR visualization and robot planning from network dependency,
thereby enhancing system robustness under deteriorating network conditions.
Note that our network setup uses a cloud VPN server and is therefore not strictly symmetric,

since the uplink and downlink paths between XR and robot can experience different latency and
fluctuation in practice. In addition, increasing uplink/downlink asymmetry degrades MATER differ-
ently depending on the constrained direction: XR-to-robot degradation mainly affects reconstructed
user motion on the robot side, while robot-to-XR degradation mainly affects reconstructed robot
state and point cloud drops on the XR side.
Low Bandwidth Performance.We evaluated the performance of MATER under conditions where
WLAN 2.4 GHz and Cellular 4G cannot support full information transmission. To this end, we
conducted a parameter study of the point cloud scaling factor 𝑟 and recorded the resulting point
cloud size. Fig. 14(B) plots the tradeoff between the drop in robot poses and the quality of the point
cloud, as measured by the edge similarity score [37]. We selected the edge similarity score because
it captures the perceptual impact of point cloud modifications on human visual systems, and we
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Fig. 16. Real-world completion time.

normalized the score between 0 and 1, where 1 indicates an identical point cloud and 0 indicates no
matching points with the original. The results show that MATER reduces robot pose drops by up
to 64.8% while incurring at most a 19.5% decrease in edge similarity. This improvement is achieved
because bandwidth-adaptive point cloud scaling reduces overall transmission payload size while
preserving structural integrity to minimize perceptual differences.

5.4 Real-world Case Study
Setup. To test performance in real-world applications, we designed 10 missions covering both
stationary and mobile missions, each featuring a unique goal as shown in Fig. 15. We performed
every mission five times using both ROS Reality and MATER, with rest periods between missions
to mitigate XR-induced motion sickness. To minimize bias, we randomly alternated between ROS
Reality andMATERwithout disclosing which framework was active during each trial. We conducted
the experiment using Xavier-to-Nano on WLAN 2.4GHz network with a long distance setup.
Mission Completion Time. We measured the mission completion time for each mission and
marked in red those missions that failed to complete in all five attempts. Fig. 16 illustrates the
mission completion times, with error bars indicating standard deviation. In most scenarios, MATER
reduced mission completion time by up to 37.7%. However, for human-in-the-loop missions such
as Hand Shaking and Human-Robot Game, the improvement was only about 4.4% because human
participation remained a significant factor in the total mission completion time. Notably, MATER
enabled users to complete the rapid-motion ball-catching mission, owing to its mutually-aware
capability, which delivers low teleoperation error, allowing users to view the projected robot motion
before the remote robot pose is received.

Te
le

op
er

at
io

n 
Er

ro
r 

(c
m

) Object Pickup Car Grabbing

MATER finished

Frame Number Frame Number

MATER
MATER  finishedROS Reality

Fig. 17. Teleoperation error in real-world missions.

Teleoperation Quality. We
profiled the teleoperation er-
ror during two trials that cov-
ered both stationary and mo-
bile missions and plotted per-
frame values in Fig. 17. In these
trials, MATER reduced mission
completion time by up to 10.1%,
while maintaining on average

25.4% and 57.2% lower teleoperation error in the Object Pickup and Car Grabbing missions, re-
spectively. This improvement occurs because, as the robot accelerates to catch up with a moving
car, ROS Reality is unable to provide timely robot pose updates due to its network dependency,
whereas MATER promptly reflects the robot motion by reconstructing the pose locally. This proves
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a smooth teleoperation as both the mission completion time and teleoperation errors are effectively
reduced during real-world missions.

6 Related Work
XR teleoperation System. Recent XR teleoperation researches have facilitated the use of various
XR devices to control a wide range of robotic platforms, including robotic manipulators [3, 19, 48–
51], mobile robots [2, 52, 53], drones [54], humanoid robots [7–10, 55], medical robots [4–6], and
extraterrestrial robots [27, 31]. These systems allow users to interact with remote robots via
two modes: egocentric, in which the robot imitates the user’s real-time movements [3, 7–9], and
robocentric, where user issues direct commands to robot’s joints from a third-person view [18].

Research on system architectures for XR teleoperation is still in its infancy. Existing approaches
adopt a design similar to ROS Reality [13, 29], where XR devices and robots exchange user control
commands and robot pose updates for robot control and XR visualization via network communi-
cation. Consequently, system performance is highly dependent on network conditions, leaving
it extremely vulnerable to any network delay, variation, and bandwidth limitation. While some
studies have employed predictive displays [27, 31] to visualize the robot’s near-future state to
mitigate delays in seconds for space teleoperation missions, it is not applicable to real-time control
scenarios that require the prediction to finish execution within each frame update. These prior
approaches adopt only individual techniques and therefore lack the coordinated system-level design
needed to jointly decouple XR visualization and robot execution from strict synchronization. In
contrast, MATER introduces an architectural shift through bidirectional state reconstruction and
coordination mechanisms.
Robot Control in XR Teleoperation. Unlike many conventional robot controls that operate with
predetermined trajectories, XR teleoperation requires the robot to perform real-time planning and
motion execution [11, 19, 36, 50, 51, 56]. Current methods directly map user poses from the XR
interface to the robot and set joint velocities based on the latest available user and robot poses.
However, this approach demands fine-grained and timely transmission of user data, making it
subject to disruptions from network dynamics. While recent work has focused on enhancing pose
mapping and joint control for various robot models to improve control accuracy [2, 10, 19, 48, 49],
the errors introduced by network dynamics remain largely unaddressed.

7 Conclusion
We identify fundamental architectural drawbacks in the existing XR teleoperation frameworks
and formulate two key challenges, C1 and C2, in §2.3. We address them with MATER, an end-to-
end framework that combines mutually-aware state reconstruction (§3) with coordinated system
components (§4). Our evaluation (§5) shows that MATER reduces both teleoperation error and
mission completion time over state-of-the-art frameworks. MATER still faces limitations: it does
not account for external factors on the robot side, and online scheduling could further improve
robustness by adapting to execution-time variation across components.
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